Diabetes mellitus is a rapidly increasing and costly public health problem. Large studies are needed to understand the complex gene-environment interactions that lead to diabetes and its complications. The Marshfield Clinic Personalized Medicine Research Project (PMRP) represents one of the largest population-based DNA biobanks in the United States. As part of an effort to begin phenotyping common diseases within the PMRP, we now report on the construction of a diabetes case-finding algorithm using electronic medical record data from adult subjects aged ≥50 years living in one of the target PMRP ZIP codes. Based upon diabetic diagnostic codes alone, we observed a false positive case rate ranging from 3.0% (in subjects with the highest glycosylated hemoglobin values) to 44.4% (in subjects with the lowest glycosylated hemoglobin values).We therefore developed an improved case finding algorithm that utilizes diabetic diagnostic codes in combination with clinical laboratory data and medication history. This algorithm yielded an estimated prevalence of 24.2% for diabetes mellitus in adult subjects aged ≥50 years.
1
The current obesity epidemic represents a major international health problem. 1 Genetic markers may be the most efficient way to identify individuals at risk for obesity-related medical complications. One of the most costly obesity-related co-morbidities is diabetes mellitus (DM). 2 Hyperglycemia is the clinical hallmark of DM, but the etiology of this heterogeneous disorder likely involves multiple genetic and environmental interactions that ultimately result in alterations in insulin secretion, insulin action or both. 3, 4 Large population-based cohorts will be needed to characterize the genetics of complex diseases such as DM. 5, 6 The Marshfield Clinic Personalized Medicine Research Project (PMRP) is a population-based DNA biobank developed to facilitate research in pharmacogenetics, genetic epidemiology and population genetics (www.mfldclin.edu/pmrp). 7 In 2003, the PMRP was mentioned in an article by Dr. Francis Collins and colleagues from the National Human Genome Research Institute as it relates to their identified grand challenge to "develop robust strategies for identifying the genetic contributions to disease and drug response." 8 Therefore, a PMRP Working Group was formed to select diseases for which electronic algorithms could be developed to classify exposure and outcome status using the electronic medical records contained within the database. The diseases represent a range of anticipated difficulty in using purely electronic methods to identify disease onset, disease progression and outcome. The first three diseases were selected from a list of diseases that are routinely screened for during routine health maintenance examinations in adults. Listed in order from expected greatest difficulty to least difficulty for electronic algorithms, the three diseases are: (1) glaucoma, (2) osteoporosis, and (3) DM. The purpose of the current study was to pilot the process of electronically and manually abstracting information from the electronic medical record of adults served by Marshfield Clinic to define DM specifically, so that the PMRP database could eventually be utilized for studies designed to characterize the genetic epidemiology and pharmacogenetics of this disease.
Methods
The current study protocol was approved by the Marshfield Clinic Institutional Review Board. The setting was a large multi-specialty group practice located in central Wisconsin.
The target population included residents within a single ZIP code (54449), encompassing the city of Marshfield (population 19,000). This ZIP code was selected because nearly everyone in the population seeks their health care through Marshfield Clinic, a fully integrated health care system with a longstanding comprehensive electronic medical record. 9 The target ZIP code was also one of 19 ZIP codes selected to recruit subjects for the Marshfield Clinic PMRP. 7 Briefly, PMRP is a large biobank containing DNA and sera from approximately 19,000 Marshfield Clinic patients. Each PMRP participant has also provided informed consent allowing their genetic and serologic data to be linked to all available clinical data within their electronic medical record using a confidential and secure encryption process. PMRP therefore provides a unique opportunity to conduct very large genetic studies on a variety of common diseases.
Medical Record
Electronic medical records have been utilized at Marshfield Clinic since the 1960s, and the vast majority of patient records within this system have been electronic for over a decade. A variety of data are captured. One of the key features of the Marshfield Clinic electronic medical record is a Windows application called the combined medical record (CMR). CMR integrates data from all Marshfield Clinic facilities and cooperating hospitals, including Saint Joseph's Hospital (Marshfield). CMR includes indices to all events and encounters that patients have experienced within the Marshfield Clinic system of care, and it can be used to access all textual documentation such as office notes, operative reports and discharge summaries. CMR also includes comprehensive lists of patient problems, a summary of each clinic encounter (diagnoses and procedures), a variety of medication alerts, and online access to over a decade of laboratory and radiology results. Since nearly everyone residing in the target ZIP code for the current study receives their health care through Marshfield Clinic, this record is considered comprehensive.
Study Population
Subjects were considered eligible for this study based on the following criteria: (1) age 50 years or older, (2) alive on December 31, 2002, (3) seen at Marshfield Clinic between January 1, 2000 and December 31, 2002, and (4) residing in ZIP code 54449 (Marshfield). Electronic medical record data for the eligible subjects were searched to determine the presence (or absence) of diabetes diagnostic codes from the International Classification of Diseases, Ninth Revision (ICD-9 codes). These codes included primary diagnostic codes for diabetes (ICD-9 codes 250.00-250.92), and secondary diagnostic codes for diabetic neuropathy (ICD-9 code 357.2), retinopathy (ICD-9 codes 362.01-362.02) and nephropathy (ICD-9 code 583.81). For each potential study subject, clinical laboratory data were scanned electronically to identify relevant test results. These included all available glucose and glycosylated hemoglobin (HbA1c) values. Each glucose value was assumed to be random (i.e., non-fasting) unless otherwise specified. Maximum values were determined for each subject.
Medication History
We have previously utilized natural language processing (NLP) software to reconstruct complete retrospective medication use histories for all research subjects participating in the PMRP Biobank. 10 We have also shown previously that these data are amenable to electronic abstraction, and that they can be managed programmatically to yield high quality drug exposure histories in the context of lipid lowering therapy (e.g., 100% sensitive and 96% specific, with a precision of 95%). 11 In the current study, clinic records from all eligible subjects were re-interrogated electronically for text mention of three classes of glucose lowering medications. This involved the application of NLP software entitled FreePharma (Language & Computing; http://www.landc.be). All 8101 subject records were searched electronically to identify and catalogue dates for all text notes mentioning any sulfonylurea agent known to be commercially available within the past decade. This included four "first-generation" sulfonylureas (acetohexamide, chlorpropamide, tolbutamide, tolazamide) and three "second-generation" sulfonylureas (glimepiride, glipizide, glyburide). A similar approach was taken to identify all text notes containing mention of any therapeutic agent mapping to the generic drug names metformin (the only clinically approved glucose-lowering biguanide) and insulin (table 1) .
Diagnostic Confirmation
A five-page data abstraction form was developed for use by trained research coordinators to manually abstract data related to DM diagnosis and treatment from the medical records. This form was used to collect demographic data and specific diabetes-related clinical information. For quality assurance, 10% of all manually abstracted records were reabstracted by a second research coordinator, and discrepancies resolved by a licensed practicing physician. Research coordinators were asked to manually abstract data for three sets of subjects with electronically recognized diabetic diagnostic codes: (1) 100 subjects with the highest HbA1c, (2) 100 subjects with the lowest HbA1c, and (3) 14 specific subjects with records containing diabetic diagnostic codes but no corresponding laboratory data. Research coordinators were also asked to manually abstract data from a specific sample of subjects without electronic diabetic diagnostic codes: 72 subjects who had the most extreme glucose or HbA1c results. American Diabetes Association (ADA) diagnostic criteria were used to confirm the presence or absence of DM (i.e., fasting glucose ≥126 on two occasions or a single random glucose >200).
Results
The study population included 8101 patients who met the inclusion criteria. This number is comparable to the year 2000 US Census estimate (n = 7905) for this age group and ZIP code. All medical records from these study subjects were interrogated electronically for the presence of diagnostic codes associated with DM. Of the 8101 study subjects, 1422 (17.6%) subjects were found to have at least one diabetic diagnostic entry, i.e., either diabetes or a diabetic end organ complication ( figure 1, left) . The remaining medical records (n = 6679 study subjects) had no diabetic diagnostic entries ( figure 1, right) . Each of these two initial subsets (1422 with codes and 6679 without) is discussed separately below in the context of phenotyping accuracy.
Diagnostic Codes Present
Among the 1422 study subjects with at least one diabetic diagnostic code, 99% (1408 study subjects) had sufficient clinical laboratory data to either support or refute the Figure 1 . Initial electronic classification of study subjects based upon two criteria: first, the presence or absence of diabetic diagnostic codes, and second, the presence or absence of relevant clinical laboratory data (e.g., glucose levels and glycosylated hemoglobin [HbA1c] levels). This strategy produced four data bins. These bins contain 1408, 14, 5597 and 1082 study subjects, respectively (total study population 8101). MESA = Marshfield Epidemiologic Study Area.
diagnosis. These data include fasting glucose, random glucose or HbA1c levels. The1408 subject records containing these data represent potential true positive cases of DM (figure 1). Based upon manual data abstraction, we observed that diagnostic codes yielded a true positive rate for DM ranging from 97.0% (in 100 subjects with the highest HbA1c values) to 55.6% (in 100 subjects with the lowest HbA1c values). It should also be noted that our initial electronic screening strategy (e.g., diagnostic codes and laboratory data), as shown in figure 1 , also yielded 14 potential false positive cases of DM (i.e., diabetic diagnostic codes without any supporting electronic laboratory data). Among these 14 potential false positive cases of DM, four were manually confirmed to be diabetic based upon treatment history or laboratory data not available electronically.
Diagnostic Codes Absent
Electronic interrogation of the entire medical record for each of the 8101 unique subjects in this study revealed that 6679 of these subjects had no diabetic diagnostic codes contained within their electronic medical record (figure 1, right side). Of these, 5597 (84%) had clinical laboratory data containing at least one glucose value or at least one HbA1c level. Since it was likely that some of these 5597 potential false negative cases were actually either undiagnosed diabetics or diabetics treated without a corresponding provider-entered diagnostic code, relevant clinical laboratory data were re-abstracted electronically for all 5597 subjects. These clinical laboratory data are summarized in figure 2. For both axes (glucose and HbA1c), the mean is represented by a "+" located within box plots corresponding to the 25 th , 50 th and 75 th percentiles, respectively, for the entire dataset (n = 5597). The horizontal dashed line delineates a glucose level ≥200 mg/dl.
Within figure 2, only those 854 subjects found to have both a glucose level and an HbA1c level have been represented as circles in the scatter plot. Data were manually abstracted for 72 study subjects with the most extreme glucose and HbA1c values. Of these, 41 records contained a glucose value >200 mg/dl. All 41 records (100%) were manually confirmed as cases of DM.
Of the 8101 unique subjects in this study with no diabetic diagnostic codes ( figure 1, right side) , 1082 (16%) had no clinical laboratory data that could be used to discriminate between diabetic and non-diabetic (i.e., no glucose levels and no HbA1c levels). These 1082 subjects are assumed to be true negative cases (i.e., not diabetic). The design of this study (retrospective chart review) does not allow the discrimination of false negative cases within this specific sub-sample because the research subjects were neither interviewed nor examined during the conduct of the study. However, this population is known to be highly compliant with primary prevention screening visits. 12 Among the 5597 potential false negative case subjects with laboratory data but no diagnostic codes, 4477 (80%) were found to have at least one glucose level within 2 years. Based upon these observations, and the additional observation that patients residing in the target study ZIP code receive nearly all their healthcare (90% of outpatient visits, 95% of inpatient visits) through Marshfield Clinic, 9 it is reasonable to assume that the frequency of false negative cases would be low in the sub-sample of 1082 subjects with no relevant clinical laboratory data.
Prevalence Estimate
We propose the electronic case-finding algorithm shown in figure 3 . The observations outlined above (Diagnostic Codes Present versus Diagnostic Codes Absent) suggest that the first branch point in this algorithm can be based upon diagnostic codes. The two subsequent branches of the algorithm then apply differential logic, reflecting the following two assumptions. First, in the situation where diabetic diagnostic codes are present, any purely electronic algorithm simply needs to confirm the diagnosis. This can be done by documenting either abnormal laboratory data (HbA1c>ULN, or glucose criteria established by the ADA) or treatment with one of three known medications used as first line therapy for DM. Conversely, in the situation where diabetic diagnostic codes are absent, the algorithm needs to establish the diagnosis. Since this latter step is more than simply confirmatory, the rightward arm of the algorithm needs to be sufficiently stringent to minimize (and, if possible, avoid altogether) false positive case assignment. Based upon the distribution of laboratory data observed in figure 2 (sub-sample with n=5597), we recommend that the identification of false positive case subjects within this sub-sample be made by first using the presence of an HbA1c test to suggest a reasonable clinical index of suspicion for DM, and then, second by accepting a maximum glucose value >200 mg/dl as diagnostic. The final electronic algorithm was used to identify unique patients with DM. This electronic algorithm was applied to the entire study cohort (8101 adults aged ≥50 years and living in the target ZIP code), identifying 1960 (24.2%) unique subjects with DM.
Discussion
The current study outlines the construction of a case finding algorithm for DM. This algorithm utilizes diagnostic codes, clinical laboratory data and medication history to identify subjects with DM in a large patient database. Using diagnostic codes alone, we observed a high rate of false positive cases. Further confirmation is therefore required through clinical laboratory data (using current ADA diagnostic criteria 3 ) or medication data (obtained by NLP 10 ). By considering these additional data, the final algorithm reduces the frequency of false positive cases.
The final algorithm also reduces the frequency of false negative cases by identifying subjects with DM in the absence of a diabetic diagnostic code. However, this portion of the algorithm is conservative in that it requires the presence of an elevated random glucose level (≥200 mg/dl) specifically within the context of a subject record also containing at least one HbA1c value. We opted not to accept an elevated glucose level alone, since in the absence of diagnostic codes for diabetes, a random glucose value can be elevated for a variety of non-diagnostic reasons (e.g., steroid therapy or intravenous fluid replacement containing dextrose). Since the presence of at least one HbA1c test (whether normal or elevated) indicates an increased clinical index of suspicion for DM, an elevated random glucose level can be considered diagnostic in this context. Although stringent, our inclusion of a strategy to reduce false negative cases was necessary in this study population because the Centers for Disease Control and Prevention have estimated that a significant proportion of all adult diabetic subjects in the United States remain undiagnosed. 13 Application of the final algorithm yielded an estimated DM prevalence of 24.2% for adults aged ≥50 years residing in the target ZIP code (i.e., the algorithm identified 1960 of the 8101 study subjects as diabetic case subjects). The prevalence of DM is highly associated with age, and our observation is consistent with previously published estimates. [13] [14] [15] This work adds to a growing body of literature supporting the utility of electronic medical records for case-finding specifically within the context of DM. [16] [17] [18] Further, the current study extends these observations through the development of an electronic algorithm that considers clinical laboratory data and medication history in addition to diagnostic codes. Since the target ZIP code characterized in the current study is located within the geographic region represented by the Marshfield Clinic PMRP database, the resulting algorithm will be useful for identifying DM cases in this database.
Outlook
The current study presents an electronic case-finding algorithm that can be used for the identification of research subjects with DM in the PMRP DNA biobank. It is important to note that DM is a clinically heterogeneous disorder, and that the current study does not discriminate between major forms of the disease. No effort was made to sub-classify subjects identified by this algorithm according to major type (e.g., type 1 versus type 2 diabetes), or minor type (e.g., maturity onset diabetes of the young or latent autoimmune diabetes in adults). It is anticipated that further phenotypic discrimination will be accomplished, on a study-by-study basis, during future applications of this algorithm using context-specific parameters defined by each study.
